This study applies a Data Envelopment Analysis (DEA) approach to analyze total factor productivity, technology, and efficiency changes in Chinese agricultural production from 1984 to 1993. Twenty-nine provinces in China were classified into advanced-technology and lowtechnology categories. The Malmquist productivity measures were decomposed into two components: technical change index and efficiency change index. The results showed that total factor productivity has risen in most provinces for both technology categories. Technical progress has been the most important factor to Chinese agricultural productivity growth since 1984 and will remain crucial to productivity growth in low-technology provinces. Low efficiency in many important agricultural provinces indicates a great potential for China to increase productivity through improving technical efficiency. Continuously expanding market economy and enhancing rural education may also help farmers to improve technical efficiency and productivity in agricultural production.
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Highlights
Rapid economic growth in China has significantly increased demand for agricultural commodities over the last decade. Economic reforms in rural areas were attributed most to Chinese agricultural production growth in early 1980s, while technological changes only accounted for a small proportion of this growth.
This study applied a nonparametric programming method to analyze productivity growth in the Chinese agricultural sector from 1984 to 1993. The total twenty-nine provinces in China were classified into advanced-technology and low-technology categories. With Data Envelopment Analysis (DEA), the Malmquist productivity measures were decomposed into two mutually exclusive components: technical change index and efficiency change index. This decomposition allowed us to identify the contributions of technical progress and improvement in technical efficiency to Chinese agricultural productivity growth.
DEA was used to calculate the component distance functions of the Malmquist index and to construct the best-practice (efficient) frontiers for both agricultural technology categories. The technical change and efficiency change indexes were obtained by comparing each province to the best-practice frontier with the same production technology. The Malmquist productivity index was calculated as a product of these two indexes.
Among the total 29 provinces in China, 26 provinces experienced agricultural productivity growth during the 1984-93 period, most of which was due to improved technological progress in agricultural production. Efficiency changes made little contribution to Chinese agricultural productivity growth. Advanced-technology provinces had higher average productivity and technology growths than had low-technology provinces in agricultural production. However, the average decline in technical efficiency in advanced-technology provinces was greater than that in low-technology provinces.
The results from this study indicates that technical changes were the most important factor to Chinese agricultural productivity growth in the post institutional reform era. Enhancing agricultural research and development and rural education to stimulate technical progress will be crucial to Chinese agricultural productivity growth, especially for the provinces with low-technology. Poor performance in technical efficiency in many important agricultural provinces indicate a great potential for China to increase agricultural productivity through improving technical efficiency. Continuously expanding market economy and enhancing rural education may also help farmers to adopt new technology to improve technical efficiency and productivity.
Introduction
The Chinese economy has rapidly expanded and gradually moved to a market economy over the last decade. Economic expansion has doubled China's per capita income and increased Chinese food consumption. To meet the rapid increase in demand for agricultural products, the Chinese government has made tremendous efforts to increase its agricultural output through economic reforms, increasing government capital investment in the agricultural sector, increasing inputs in production, adopting new technology, and introducing improved seed varieties.
Economic reforms in rural areas stimulated farmers to increase agricultural output and to improve efficiency of resource allocation in agricultural production. Many studies showed that institutional changes accounted for most contributions to the increase in Total Factor Productivity (TFP) of Chinese agriculture. The rises in output prices and increases in the uses of inputs also contributed to the growth in agricultural output. However, technical changes contributed little to Chinese agricultural production growth in early 1980s.
In this study, we applied a recently developed technique to analyze productivity growth in agricultural sectors of 29 provinces in China from 1984 to 1993. The productivity increase in Chinese agriculture was decomposed into technical change and efficiency change using Data Envelopment Analysis (DEA). This technique allows us to isolate the contributions of improving efficiency from the contribution of technology progress.
The rest of this paper is organized as follows: the next section presents a review of previous studies on Chinese agricultural productivity and efficiency. The third section discusses productivity, economic efficiency, and their measurements. The fourth section outlines the Malmquist productivity indexes. The DEA approach to measuring Chinese agricultural efficiency and productivity is presented in the fifth section. The sixth section describes the data and their sources. The results and their implications for Chinese agriculture are discussed in the seventh section. A summary and conclusions are included in the last section.
Review of Literature on Chinese Agricultural Productivity and Efficiency
Since Chinese economic reforms spread out in rural areas in 1984, the impacts of these reforms on Chinese agricultural productivity have become of considerable interest to many economists. McMillan, Whalley, and Zhu (1989) used a Denison-Solow-type growthaccounting technique to analyze the impact of China's economic reforms on agricultural productivity growth. They decomposed the growth in TFP into a price component and an 2 incentive component. They argued that price increases and strengthened individual incentives due to the introduction of the Household-Responsibility System (HRS) for post-1978 had mainly contributed to the increase in China's agricultural productivity. Fan (1991) used an accounting approach to separate the relative contribution of institutional change, technological progress, and increases in inputs to the rapid Chinese agricultural production growth in the early 1980s. He found that about 63 percent of total productivity growth was attributed to efficiency improvement (institutional change) and 37 percent to technological change. Increases in inputs played an important role to Chinese agricultural growth. Total input growth accounted for about 57.7 percent of total production growth. However, technological change only accounted for 15.7 percent of total production growth in China, indicating that the potential of production growth can be achieved by stimulating technological progress in Chinese agriculture. Lin (1992) used province-level panel data to evaluate the contribution of rural reforms on China's agricultural growth in the reform period. He estimated a Cobb-Douglas agricultural production function with four conventional inputs: land, labor, capital, and chemical fertilizers. In addition, six other variables were incorporated into the model to assess the impacts of farming institutional change, price adjustments, market reforms, and technological changes to agricultural productivity. He found that decollectivization had improved China's TFP and accounted for about half of the output growth during the 1978-1984 period. The adjustment of state procurement prices was also found to increase agricultural output. However, the effect of other market-related reforms on productivity and output growth was very small. Fleisher and Liu (1992) used a Cobb-Douglas production function for agricultural output with a farm household survey data to test the hypotheses on economies of scale, diseconomies of multiple plots and multiple crops, and estimated their impacts on total productivity and the marginal products of labor and other inputs. They found that plot and crop consolidation within households could considerably increase China's agricultural productivity. Gaynor and Putterman (1993) employed production team-level data to examine the effects of land decollectivization during the Chinese economic reforms of the 1980s. They found that agricultural output was concave in the proportion of land distributed according to work force as opposed to household size under a household decision-making model. Grain output also displayed the expected concave relationship with the land distribution parameter in a quadratic specification of the model. Wen (1993) examined the performance of the successive rural institutions in China in terms of changes in the Total Factor Productivity Index (TFPI). He found that the HRS led to a considerable efficiency improvement and showed a clear advantage over the commune system in increasing the TFPI. The results of this study also showed that in more than 20 years, the commune system raised land productivity, but lowered labor productivity, and that HRS raised both land and labor productivity in Chinese agricultural production. Travers and Ma (1994) used a variable elasticity model of the aggregate agricultural production function to analyze agricultural productivity and rural poverty in China. They argued that under current technologies and prices, increased agricultural production and farmer incomes could be achieved through further intensification of machinery and fertilizer use. They also argued that further irrigation development under the national poverty alleviation program could not lead to increased farmer incomes in China's poorest areas unless part of the capital costs are covered by government transfers. Putterman and Chiacu (1994) reviewed factor weighted assumptions used in four studies of trends in TFP in Chinese agriculture and the factor elasticities estimated in 12 Chinese agricultural production function studies. They found that estimates of the output elasticities of land typically exceeded the upper bound weight for land used in the TFP studies. They also showed the sensitivity of TFP trends to factor assumptions by indicating that adopting average elasticities as factor weights leads to a less negative assessment of TFP performance during the collective period. Wang, Wailes, and Cramer (1996) developed a shadow-price profit frontier model to examine production efficiency of Chinese agricultural households. They found that farmer's resource endowment and education are very important factors to influence Chinese farmers' allocative efficiency. Larger farm size (scale) and family size, higher per capita net income, and education increase profit efficiency. Both technical and allocative efficiencies can be improved by reducing market distortions. They suggested that Chinese agricultural productivity can be increased by continuously improving efficiency.
Most studies on Chinese agricultural productivity (McMillan et al., Lin, Fleisher and Liu, Gaynor and Putterman, Travers and Ma) used traditional parametric approaches to calculate TFP by estimating aggregate production functions. However, this approach has been criticized by many economists because of its aggregate assumptions, limitation of chosen functional forms, and divergent estimates of productivity (Arnade, 1994) . Wen (1993) calculated the TFPI for the Chinese agricultural sector based on input factor weighted assumptions. But Putterman and Chiacu (1994) found that the output elasticities of land typically exceeded the upper bound weight for the factor used in the Chinese TFP studies.
No study has used a nonparametric approach such as DEA to analyze productivity growth in the Chinese agricultural sector, especially at the province level. In this study, we examined the performances of each province's agricultural production in terms of productivity growth, technical efficiency, and technical change from 1984 to 1993. The decomposition of productivity index allows us to identify the contributions of improved efficiency and technical progress to Chinese agricultural productivity growth.
Productivity, Production Efficiency, and Their Measurements
Productivity is used to measure rate of technical change in production (Chambers, 1988) . Productivity can be conceptualized as two main components: partial factor productivity and total productivity. Partial factor productivity, also called average product, is defined as a ratio of output to a specific input. Let Y be denoted as output and x as any i individual input factor, then partial productivity of input x (AP ) is i i
Partial factor productivity only measures the contribution of one particular input to technical change, ignoring the effects from other input factors.
TFP is defined as the average product of all input factors. It is the ratio of output to an index of inputs. Let X denote the index of all inputs, then TFP is where is the weight of input x .
i i TFP can be calculated by estimating aggregate production functions or cost functions with limited functional forms and imposed restrictions on econometric parameters. TFP can also be measured using indexes, such as Laspeyres, Paasche, Fisher, or Tornqvist-Theil indexes. Index approach imposes restrictions on production technology by putting weights on inputs and output.
Two types of production efficiency were defined by Farrell (1957) : technical efficiency and allocative efficiency. Technical efficiency evaluates a firm's ability to obtain the maximum possible output from a given set of inputs, while allocative efficiency measures a firm's ability to maximize its profits by comparing the marginal revenue of product with the marginal costs of inputs. Traditionally, the stochastic production frontier approach was used to measure technical efficiency and allocative efficiency, given the technology and prices. However, this econometric approach requires the specification of production technology. Recently, a mathematical programming approach such as DEA was developed to measure technical efficiency by comparing the individual firm's production to the bestpractice frontier (Seiford and Thrall, 1990) .
This study applied the generalized Malmquist index, developed by Färe et al. (1994) , to measure the contributions from the progress in technology and improvement in technical efficiency to the growth of productivity in Chinese agricultural production. The Malmquist index is constructed using the DEA approach.
(3) (4)
The Malmquist Productivity Indexes
The Malmquist productivity indexes were proposed by Caves et al. (1982a, b) based on distance functions developed by Malmquist (1953) . Färe et al. (1994) decomposed productivity growth into two mutually exclusive components: technical change and efficiency change over time. They calculated productivity change as the geometric mean of two Malmquist productivity indexes using output distance functions.
Let the production technology S for each time period t = 1, ..., T denotes the t transformation of inputs, x R , into outputs, y R ,
where S is assumed to satisfy the required axioms to define meaningful output distance t functions (Färe,1988) .
Following Färe et al. (1994) , the output distance function in time period t is defined as Distance function is defined as the inverse of the maximal proportional increase of the output vector y , given inputs x . It is also equivalent to the reciprocal of Farrell's (1957) 
This ratio index measures the productivity changes originating from changes in technical efficiency at time period t and time period t + 1 under the technology in time period t. The technical efficiency changes from time period t to time period t + 1 can also be measured under the technology in time period t + 1. This Malmquist index is defined as Färe et al. (1994) specified the output-based Malmquist productivity change index as the geometric mean of (6) and (7) and decomposed it into two parts:
where E( ) is the relative efficiency change index under the constant returns to scale which measures the degree of catching up to the best-practice frontier for each observation between time period t and time period t + 1, while T( ) represents the technical change index which measures the shift in the frontier of technology (or innovation) between two time periods evaluated at x and x .
t t+1
The decomposition of the Malmquist productivity index allows us to identify the contributions of catching up in efficiency and innovation in technlogy to the TFP growth. According to Färe et al. (1994) , Malmquist indexes greater than one indicate growth in productivity. Malmquist indexes less than one indicate decline in productivity. In addition, improvments in any of the two components of the Malmquist productivity index are also associated with values greater than one, and declines are associated with values less than one. Färe et al. (1994) listed several traditional methods to calculate the Malmquist productivity index. But most of them require specification of a function form for technology. Charnes et al. (1978) proposed the DEA approach to construct a best-practice frontier without specifying production technology. Unlike traditional analysis techniques that look for the average path through the middle points of a series of data, DEA looks directly for a best-practice frontier within the data. Using a nonparametric linear programming technique, DEA takes account of all the inputs and outputs as well as differences in technology, capacity, competition, and demographics and then compares individuals with the bestpractice (efficiency) frontier. Färe et al. (1994) computed the Malmquist productivity indexes for a sample of 17 OECD countries using nonparametric programming approaches. They calculated the component distance functions of the Malmquist indexes through maximization of feasible outputs for the given inputs. Arnade (1994) also used the DEA method to calculate the Malmquist productivity indexes for the agricultural sectors of 77 countries from 1961 to 1987. Instead of using output distance functions, Arnade constructed the Malmquist indexes
Data Envelopment Analysis (DEA)
using input distance functions which minimize the input requirements for given outputs.
In this study, we used the DEA approach outlined by Färe et al. (1994) to construct the best-practice frontier at each time period for each technology category. Comparing each province to the best-practice frontier gives a measure of its catching up in efficiency to that frontier and a measure of shift in the frontier (or innovation in technology). Then, the Malmquist indexes, which measure the changes in TFP, are calculated as a product of these two components.
Assume that there are k = 1, ..., K provinces that produce m = 1, ..., M outputs y t k,m using n = 1, .., N inputs x at each time period t = 1, ..., T. Under DEA, the reference t k,n technology with constant returns to scale at each time period t from the data can be defined as where z refers weight on each specific cross-sectional observation. Following Afriat (1972) , t k the assumption of constant returns to scale may be relaxed to allow variable returns to scales by adding the following restriction:
Following Färe et al. (1994) , we use an enhanced decomposition of the Malmquist index to analyze the productivity growth in agricultural production of 29 provinces in China. We decompose the efficiency-change component calculated relative to the constant-returnsto-scale technology into a pure efficiency-change component (calculated relative to the variable-returns-to-scale technology) and a scale-change component which captures changes in the deviation between the variable-returns and constant-returns-to-scale technology.
To construct the Malmquist productivity index of province k' between t and t + 1, we use the DEA approach to calculate the following four distance functions: D (x , y ), D (x , 
(15) models used to calculate the output-based Farrell measure of technical efficiency for each province k' = 1, ..., K, is expressed as subject to
The computation of D (x , y ) is similar to (13), where t + 1 is substituted for t.
To measure changes in scale efficiency, the inverse output distance functions under the variable-returns-to-scale technology are also calculated by adding (11) into the constraints in (13) and (15). Technical change (TECHCH) is calculated relative to the constant-returns-to-scale technology. Scale efficiency change (SCH) in each time period is constructed as the ratio of the distance function satisfying constant returns to scale to the distance function under variable returns to scale, while the pure efficiency change (PEFFCH) is defined as the ratio of the own-period distance functions in each period under variable returns to scale. With these two distance functions with respect to the variable-returns-toscale technology, the decomposition of (8) becomes in advanced-technology provinces where EFFCH denotes the efficiency change calculated under constant returns to scale.
Data Sources and Descriptions
The data used in this study were provincial-level agricultural outputs and inputs of 30 provinces in mainland China for 1984 China for -1993 . Because Hainan province was once a part of Guangdong province and its data were not available until 1987, the data of Hainan province from 1987 to 1993 were added to those of Guangdong province in this study.
Most previous studies on China's agricultural productivity used China's gross value of agricultural output (GVAO) as the total value of agricultural production. Instead of using the gross values of all final products from agricultural production, China's GVAO is defined as the sum of the total value of production from farming, forestry, animal husbandry, fishing, and sideline activities. The values of all inputs in agricultural production are also included in the GVAO. Instead of the GVAO, the net or added value of agricultural output (NVAO) is used to measure the total value of China's aggregate agricultural output in this study. The data on the total net value of agricultural output from farming, forestry, animal husbandry, fishery, and sideline production for 29 provinces and regions were taken from the China Statistical Yearbook and the China Rural Statistical Yearbook. The time series of provincial NVAO from 1984 to 1993 were adjusted by China's GDP deflator (1990=100), which was obtained from the International Financial Statistics CD-ROM.
Land, labor, machinery, fertilizers, and draft animals are considered the five main inputs in Chinese agricultural production. Land refers to the total cultivated areas at the end of each year. The data on provincial cultivated land before 1990 were taken from the Agricultural Statistics of the People's Republic of China, 1949 China, -1990 China, , and data for 1991 China, -1993 were obtained from the China Statistical Yearbook.
Our measure of labor was the total rural labor force in farming, forestry, animal husbandry, fishery, and sideline production. The labor force in rural industry, construction, transportation, commerce, and miscellaneous occupations was excluded. The data on rural labor were taken from the China Agriculture Yearbook and the China Statistical Yearbook.
Machinery and draft animals refer to the capital inputs in China's agricultural production in this study. Machinery is measured by the Total Power of Farm Machinery (TPFM). The TPFM includes the total mechanical power of machinery used in farming, forestry, animal husbandry, fishery, and sideline production as such plowing, irrigating, draining, harvesting, farm product processing, agricultural transport, plant protection, and stock breeding.
Draft animals are defined as animals used for field preparation and hauling. The provincial data on the numbers of draft animals for [1984] [1985] [1986] [1987] [1988] [1989] [1990] were taken from the Agricultural Statistics of the People's Republic of China, 1949 China, -1990 , and the data for the rest of years were obtained from the China Statistical Yearbook.
Chemical fertilizers refer to the sum of pure or effective weight of nitrogen, phosphate, potash, and complex fertilizers. The data on total chemical fertilizers consumed by each province for 1987-1993 were obtained from the China Statistical Yearbook, and data for the years before 1987 were derived from the Agricultural Statistics of the People's Republic of China, 1949 . Arnade (1994 used the number of tractors per agricultural employee, land/labor ratios, and tractor/labor ratios as ranking criteria to classify the agricultural technology category among 77 countries. But all of these rankings are not adequate to reflect the differences of geographical conditions and resource endowments in agricultural production of 29 provinces. In this study, we used GDP per capita as ranking to classify the agricultural production in 29 provinces into two categories of agricultural technology: advanced technology and low technology. The advanced-technology category includes 14 provinces, while 15 provinces were placed in the low-technology category.
The average agricultural outputs and inputs of 29 provinces from 1984 to 1993 are presented in Table 1 . Shandong is the largest agricultural province in China, followed closely by Sichuan and Guangdong. Jiangsu, Henan, Hunan, and Hubei are also important for Chinese agriculture. Tibet has the smallest agricultural production in China, followed by Ningxia and Qinghai. 
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To see the changes in Chinese agricultural production during the 1984-93 period, we summarize the average annual growth rates of output and inputs in agricultural production for each province in Table 2 . Among the advanced-technology provinces, Liaoning and Fujian had the highest average annual growth rates in output (10 percent), followed by Guangdong (8.7 percent). Shanghai had the lowest growth rate (1.8 percent) and followed Hubei (4 percent). Guangxi had the highest agricultural production growth (8.8 percent) among low-technology provinces, followed by Shanxxi (7.8 percent) and Yunnan (6.8 percent). While Tibet experienced the lowest agricultural production growth among the lowtechnology provinces, advanced-technology provinces had higher average agricultural production growth than low-technology provinces over the sample period.
Among the input factors, the use of chemical fertilizers in agricultural production had the highest growth rates for both technology categories, followed by the uses of machinery and draft animals. Advanced-technology provinces had smaller growth rates in use of these inputs than low-technology provinces in agricultural production. Six advanced-technology provinces, which are the most developed areas in China, had negative growth rates of labor force used in agricultural production. Despite migration of the rural labor force to the urban areas since Chinese economic reforms, the average growth rate of labor force used in agricultural production was still close to 1.7 percent for low-technology provinces and 0.03 percent for advanced-technology provinces during the 1984-93 period. Rapid economic growth and industrialization in China reduced its cultivated land by 0.5 percent for advancedtechnology provinces, which is higher than 0.1 percent of negative growth rate for lowtechnology provinces. Shanghai and Guangdong, the two most prosperous regions in China, had the highest decreasing rates of cultivated land. Only six provinces in the remote area (Inner Mongolia, Guangxi, Yunnan, Tibet, Ningxia, and Xinjiang) increased their cultivated land use in agricultural production during these years . For Shanghai, chemical fertilizers is the only one input which had a positive growth rate, while the use of the other four factors declined at the highest rates in the country. This may be the reason why Shanghai had the lowest growth rate in agricultural production in China. Lower output growth rate and higher input growth rates for low-technology provinces may imply poorer performance in agricultural production with a lower agricultural productivity.
Results and Implications for Chinese Agriculture
As indicated by Färe et al. (1994) , the distance function is equivalent to the inverse of Farrell's measure of output efficiency. We use this index, which is defined as the reciprocal of (4), to measure the technical efficiency in agricultural sector for each province of China during the 1984-93 period. We constructed the best-practice frontiers in agricultural production from both technology categories for each year and then compared the individual provinces to the best frontier with the same technology. If one province's index value is equal to one, the agricultural production of this province is on the best-practice frontier or technically efficient. If the index value is greater than one, its production is below the best-practice frontier or technically inefficient. The technical efficiency indexes under the constant returns to scale of 29 provinces from 1984 to 1993 are presented in Table 3 . Among the advanced-technology provinces, five of them (Beijing, Tianjing, Shanghai, Zhejiang, and Guangdong) were consistently efficient and lie on the best-practice frontier during this period. Shandong was the most technically inefficient province in agricultural production within the advanced-technology category, followed by Jilin and Helongjiang. Fujian was efficient for most years, except two years in the mid 1980s. Xinjiang was also efficient in the 1980s, but became inefficient in the last two years of the sample.
Only five provinces with low agricultural technology (Inner Mongolia, Jiangxi, Hunan, Sichuan, and Tibet) consistently lie on the best-practice frontier during the 1984-93 period. Guizhou and Qinghai were also efficient in most years, except 1993. Shanxi was the most inefficient province in agricultural production among the low-technology provinces, followed closely by Ningxia and Ningxia.
In this study, we decomposed the Malmquist productivity index into the technical change indexes (TECHCH) and efficiency change (EFFCH) index. In order to identify change in scale efficiency, EFFCH was further decomposed into PEEFCH and SCH. To obtain the Malmquist productivity indexes and other indexes for each province and each pair of years, we used the DEA approach to calculate the output distance functions by solving 1,566 nonparametric linear programming problems. But due to limited space in this paper, we only present the average annual changes of the Malmquist productivity indexes and their components for each province during the 1984-93 period in Table 4 . Any improvement in productivity implies that the value of Malmquist index is greater than 1.
The results showed that the average productivity growth (MALM) in agricultural production averaged at 3.7 and 2.1 percent for provinces with advanced technology and low technology, respectively. Higher productivity growth for advanced-technology provinces reflects their higher growth rates in output and lower growth rates in the uses of all five inputs. On average, the technical change index (TECHCH) also rose 4.7 percent for advanced-technology provinces and 2.7 percent for low-technology provinces. Meanwhile, the efficiency change index (EFFCH) declined 0.8 and 0.4 percent for advanced-technology provinces and low-technology provinces, respectively. Growth in technical change and decline in technical efficiency suggest that increased TFP in Chinese agricultural production arose from the innovation in technology rather than the improvement in technical efficiency. The decrease in technical efficiency was partially due to the decline in scale efficiency and as well as the fall in pure efficiency. 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1984-93 Advanced-Technology Province Beijing 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 Tianjing 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 Inner Mongolia 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 Anhui 1.0490 1.0256 1.0000 1.0132 1.0000 1.0003 1.1718 1.5710 1.3015 1.1226 1.1255 Jiangxi 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 Sichuan 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 Guizhou 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0724 1.0072 Among the total 29 provinces, three provinces, Shandong and Qinghai with advancedtechnology and Guizhou with low-technology, had negative average growth rates in total productivity from 1984 to 1993. Shandong had the greatest decline in total productivity among advanced-technology provinces because of its poorest performance in technical efficiency. Guizhou was the only province with negative growth in technical change, as well as in the other four indexes, while Guangxi is the only province that had improvement in all five indexes. Only three advanced-technology provinces, Liaoning, Jiangsu, and Fujian, and four low-technology provinces, Anhui, Guangxi, Yunnan, and Gansu, had improvements in both technology and technical efficiency, indicating that Chinese agricultural productivity growth was attributed mostly to technology progress, rather than to improvement of technical efficiency.
For comparison, the results calculated from all 29 provinces based on the assumption of uniform agricultural technology across provinces are presented in Table 5 . Beijing experienced the highest growth in both total productivity and technical change, followed by Shanghai and Guangdong. Liaoning had the largest improvement in technical efficiency (EEFCH). Qinghai showed the greatest improvement in pure efficiency over the [1984] [1985] [1986] [1987] [1988] [1989] [1990] [1991] [1992] [1993] period, but it also showed a large decline in scale efficiency. Ningxia had the most gain in scale efficiency, while its pure efficiency suffered the greatest decline in the country. Shandong, the largest agricultural province in China, experienced the largest falls in both technical efficiency and scale efficiency.
Since the Malmquist productivity index and its components are multiplicative, we can calculate the cumulated Malmquist productivity index and its components such as the cumulated technical change index and the cumulated efficiency change index for each province as the sequential multiplicative sum of the annual indexes. Table 6 presents the cumulated Malmquist productivity index and its components under the constant returns to scale from 1984 to 1993. The cumulated indexes measure the total changes in TFP, technical efficiency, and technology over the 1984-93 time period. We also can plot the cumulated productivity indexes against time to see the patterns of the changes in these indexes.
In this study, we only illustrated the cumulated indexes under constant returns to scale for four provinces from each agricultural technology category: Beijing, Liaoning, Jilin, and Shandong (advanced-technology); Henan, Guangxi, Sichuan, and Guizhou (low-technology). Among advanced-technology provinces, Beijing had the highest growths in productivity and technology and was consistently on the best-practice frontier over the 1984-93 period ( Figure  1 ). Liaoning had improvement in total productivity, technology, and efficiency and showed increasing trends in all these three indexes (Figure 2 ). Jilin had a decline in efficiency, but its consistent technical progress still increased in its total factor productivity ( Figure 3) . Shandong had the largest decline in efficiency in China during this period. The poorest efficiency in production caused a decrease in its productivity, even though its growth in technical change was among the best in the country (Figure 4 ). Among low-technology provinces, Henan had similar patterns to Jilin with growths in productivity and technical change and decline in efficiency ( Figure 5 ). Guangxi experienced the greatest improvement in technical efficiency and was the only province with a productivity index line (LOW-MALM8) above the other two index lines (LOW-TECH8 and LOW-EFFCH8) for the most sample years ( Figure 6 ). Sichuan, the largest agricultural province within the low-technology category, consistently lays on the best-practice frontier in agricultural production. However, it also had negative growths in technical change for the most years. The slow technical progress resulted in very little improvement in its agricultural productivity (Figure 7) . Guizhou was the only one province with declines in all three indexes because of its technical degrees in agricultural production (Figure 8 ). Arnade (1994) found that a decline in total factor agricultural productivity is associated with a significant increase in single-factor productivity in many developing countries. It is also interesting to look at the single-factor productivity indexes in agricultural production of all provinces. The land and labor productivity indexes of all 29 provinces over the 1984-93 period are reported in Tables 7 and 8 , respectively. These indexes were calculated by dividing total agricultural output by the appropriate input. All provinces showed increases in land and labor productivity over the this period. Beijing and Shanghai had the highest average labor productivity, while Guizhou's labor productivity was the lowest. Guangdong and Zhejiang had the highest land productivity, while Gansu had the lowest. Comparing the single-factor productivity indexes between two agricultural technology categories, advanced-technology provinces had much higher productivity in both land and labor productivity indexes than did the low-technology provinces.
Comparing the single-factor productivity indexes with the Malmquist TFPI in Table  4 , 11 provinces showed increases in land and labor productivity, but declines in TFP because of declines in technical efficiency. This result is similar to those in many developing countries. Arnade (1994) argued that increased technical change associated with decline in efficiency may arise from the unfamiliarity with new technology. 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1983-94 Advanced 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1983-94 Advanced Under the assumption of homogenous agricultural technology for all 29 provinces 1 in China, 17 provinces experienced decline in technical efficiency during the 1984-1993 period (Table 5) , indicating the poor efficiency in Chinese agricultural production.
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The results obtained from this study have important implications for Chinese agriculture. First, several important agricultural provinces such as Shandong, Hubei, Jilin, Helongjiang, Hebei, and Henan, experienced decline in technical efficiency during the 1984-1 93 period. This result indicates that China has great potential to increase its agricultural output through improving technical efficiency. Second, agriculture in several lowtechnology provinces, such as Sichuan, Guangxi, Yunnan, Guizhou, and Tibet, were technically efficient or very close to the efficient. However, these provinces experienced very small growth in agricultural technology during the 1984-93 period. This result implies that technological progress is still very important to agricultural productivity growth for lowtechnology provinces. Third, if we assume the homogenous agricultural technology for all 29 provinces in China, the results in Table 5 show that only 17 provinces had productivity growth in agricultural production. Most of them are located in the coastal areas where the market economy expanded most rapidly during the 1984-1993 period. Rapid economic growth and less market distortions enhanced farmers' accessibility in these provinces to new technology and seed varieties, market information, and education, which benefits farmers in these provinces by improving their production efficiency. With the continuously expanding market economy and less market distortions, technical efficiency and productivity in agriculture are expected to improve in inland provinces. Fourth, considerable differences between advanced-technology provinces and low-technology provinces in TFP growth as well as in labor productivity growth may suggest an important role of rural education in creating the differences in productivity across provinces. Most provinces with advancedtechnology have better education. The rural laborers in these provinces may be willing to learn new skills and to adopt new technology in agricultural production. However, we could not measure the impacts of rural education on TFP because of the lack of provincial data on education.
Summary and Conclusions
This paper applied the DEA approach to measure TFP, technical change, and technical efficiency in the Chinese agricultural sector from 1984 to 1993. According to the ranking of per capita GDP of each province, agricultural production of 29 provinces in China was classified into advanced-technology and low-technology categories. The Malmquist productivity index was used to measure productivity growth. With the DEA approach, productivity growth can be decomposed into two components: technical change and efficiency change. This decomposition allowed us to identify the contributions of technical progress and improvement in technical efficiency to productivity growth in Chinese agricultural production.
The DEA approach was used to calculate the component distance functions of the Malmquist index and constructed the best-practice (efficient) frontiers for both agricultural technology categories. The technical change index and the efficiency change index were obtained by comparing each province to the best-practice frontier with the same production technology. The Malmquist productivity index was then calculated as a product of these two indexes.
Among the total 29 provinces in China, 26 provinces experienced agricultural productivity growth during the 1984-1993 period, most of which was due to the improved technological progress in agricultural production. For each technology category, only five provinces were consistently technically efficient in agricultural production. Efficiency changes had little contribution to Chinese agricultural productivity growth. Advancedtechnology provinces had higher average productivity and technology growths than lowtechnology provinces in agricultural production. However, the average decline in technical efficiency in advanced-technology provinces was greater than that in low-technology provinces.
Institutional changes under economic reforms in rural areas were mostly attributed to the productivity growth in Chinese agriculture from 1978 to 1984. This study indicated that technical changes were the most important factor to Chinese agricultural productivity growth in the post-institutional reform era. Enhancing agricultural research and development and rural education to stimulate technical progress will be crucial to Chinese agricultural productivity growth, especially for the provinces with low technology. Poor performance in technical efficiency in many important agricultural provinces indicated a great potential for China to increase agricultural productivity through improved technical efficiency. Furthermore, continuously expanding market economy and enhancing rural education may also help farmers to adopt new technology to improve technical efficiency and productivity.
